Real-time prostate tracking during intensity-modulated arc radiotherapy requires a reliable prostate position signal during treatment. Many modern linear accelerators have a single gantry-mounted x-ray imager that could be used for intrafraction imaging of implanted prostate markers. The aim of this study was to develop a method to use such a single x-ray imager to estimate the three-dimensional (3D) prostate position in real time during arc treatment delivery and quantify the accuracy of this method in simulations based on 548 prostate trajectories for 17 patients measured with electromagnetic transponders. Imaging at 0.5, 1, 2 and 5 Hz during 360
image-guided real-time prostate tracking based on standard equipment for modern linear accelerators.
(Some figures in this article are in colour only in the electronic version)
Introduction
The development of volumetric-modulated arc therapy has enabled efficient delivery of complex radiotherapy dose distributions within a single gantry rotation (Otto 2008 , Wang et al 2008 . The high conformity of the dose distribution to the target volume increases the accuracy requirements in the treatment delivery. In the case of prostate cancer this is especially true for hypofractionated radiotherapy (Madsen et al 2007 , King et al 2009 , where recent studies have suggested that safe delivery may require real-time prostate position monitoring during treatment and correction strategies to compensate for occasional large intrafraction prostate motion (Hossain et al 2008 , Noel et al 2009 .
Until now, only the Cyberknife robotic system (Accuray Inc., Sunnyvale, CA) has, in a clinical setting, combined real-time prostate position monitoring with motion compensation by periodic realignment of the treatment beam (Murphy 2004) . The required target position signal during treatment delivery is provided by stereoscopic x-ray imaging, i.e. pairs of simultaneous x-ray images of implanted markers acquired every 30-60 s.
Although still lacking integration with real-time motion compensation, intrafraction prostate position monitoring with stereoscopic x-ray imaging has also been implemented clinically for conventional gantry-mounted linear accelerators. The imaging has been performed with kV imager pairs that either rotate with the gantry (Berbeco et al 2004) or are mounted in stationary positions in the treatment room (Kitamura et al 2002) . Alternatively, intrafraction prostate position monitoring can be performed with implanted electromagnetic transponders (Kupelian et al 2007) .
While kV imager pairs are not standard equipment, many modern linear accelerators are equipped with a single gantry-mounted kV x-ray imager that enables x-ray imaging perpendicular to the MV treatment beam. Target position monitoring can be performed with stereoscopic imaging based on the kV imager and MV portal imaging . Use of portal images is attractive because it does not pose additional dose to the patient, but a high degree of beam modulation by the MLC leaves will often hinder target (surrogate) visibility on the portal images. Also, the implanted markers may be too small to be visible in MV images (Adamson and Wu 2008) .
Alternatively, the prostate position during treatment can be estimated with the single kV imager alone (Adamson and Wu 2008) . In a recent study, we developed a probability-based method to estimate the three-dimensional (3D) target motion from the two-dimensional (2D) projections on a single imager and the 3D probability density function (PDF) for the target (Poulsen et al 2008a) . Simulations demonstrated use of the method for prostate with an imager at a fixed gantry angle and a population-averaged PDF (Poulsen et al 2008a) . A later study applied the method for estimation of the 3D target trajectory from the projected 2D trajectory in a series of cone-beam CT (CBCT) projections (Poulsen et al 2008b) . This extension to a rotating imager and an individualized PDF resulted in very accurate trajectory estimations with estimation errors typically much less than 1 mm for both prostate and tumors with respiratory motion.
This trajectory estimation from CBCT projections was performed in a retrospective manner since the PDF was estimated from all projections in the CBCT series (Poulsen et al 2008b) . Such retrospective estimation is not directly applicable for prospective realtime target position monitoring during an arc treatment where only projections acquired up to the actual point in time would be available for the estimation. The aim of the present study is to extend the retrospective trajectory estimation method to prospective real-time trajectory estimation. The accuracy of different estimation schemes for prostate will be investigated.
Materials and methods

Probability-based target position estimation
The probability-based method for 3D target position estimation from 2D projections has been described elsewhere (Poulsen et al 2008a) , and a generalization of the previous work to include finite target mean positions is given in the appendix. In brief, when a target is projected into a point on the imager it is known to be located on the ray line that connects this point and the focus point of the imager system. In order to estimate the target position along this line, a 3D Gaussian PDF is assumed for the spatial target position. As a consequence the 1D probability density along the ray line is also Gaussian, and its mean position μ can be calculated from the 3D PDF. The unknown target position along the ray line (and thus the 3D target position) is then simply estimated as the mean position μ (Poulsen et al 2008a) . Equation (A.9) gives an analytical expression for μ in terms of the 3D PDF.
The 3D PDF needed for calculation of μ is not known, but it can be estimated from a series of projection images by maximum likelihood estimation (MLE) (Poulsen et al 2008b) . In this approach, the unknown parameters that define the PDF are selected such that the total likelihood of the observed target projections under consideration is maximized. The objective function to be minimized in this optimization problem can be expressed as a sum:
The sum includes a contribution f MLE, i for each image i considered for the PDF estimation. An analytical expression for f MLE, i is given in the appendix. When the PDF that minimizes F MLE has been found, it can be used for estimation of the 3D target position as described above. The implementation of the MLE optimization has been described in Poulsen et al (2008b) where it was found that prostate trajectory estimations were generally better if left-right (LR) prostate motion was assumed not to correlate with anterior-posterior (AP) or cranio-caudal (CC) motion. Therefore, the MLE optimizations in the present work were made with this assumption.
Simulation of real-time prostate position estimation during arc therapy
Image-guided real-time prostate position estimation was investigated by simulating x-ray imaging with a single imager during arc therapy. The simulations were based on 548 prostate trajectories recorded with implanted electromagnetic transponders for 17 patients treated in supine position at MD Anderson Cancer Center Orlando (Langen et al 2008) . Prostate (surrogate) visibility on all projection images was assumed. Imaging was simulated by projecting the 3D prostate position onto a rotating flat panel detector whenever an image was assumed to be acquired.
The simulations of real-time prostate position estimations were performed with three different PDF update strategies as summarized in figures 1(a)-(c) and explained in detail below. Since a PDF is needed for prostate position estimation right from the treatment onset at time t = 0 s, an initial PDF must be established prior to treatment. As illustrated in figures 1(a) and (b), this initial PDF was established by MLE using images acquired just prior to treatment during a clockwise gantry rotation with a speed of 360 • per min. Simulations were made with pre-treatment imaging for 10 s, 20 s and 30 s, which corresponded to gantry rotations spanning 60
• , 120
• and 180
• as shown in figure 1(a). The arc treatment was performed immediately after the pre-treatment imaging with a single 360
• counter-clockwise gantry rotation of either 1, 2 or 3 min duration. Simulations were made with constant imaging frequencies of 0.5, 1, 2 and 5 Hz for both pre-treatment and intra-treatment imaging. Whenever an image was acquired during treatment, the 3D prostate position was estimated from the projected prostate position in this image and one of the following PDFs for real-time position estimation.
(1) Dynamically updated PDF estimated from the present image and all previously acquired images ( figure 1(a) ). (2) Static individualized PDF estimated from the pre-treatment images only ( figure 1(b) ). (3) Static population-based PDF determined from all available prostate trajectories as follows.
All trajectories were divided into 1 min segments which were individually shifted to obtain zero mean displacement. All segments were then added together to a single trajectory for which the covariance matrix was calculated (equation (A.1)) and used for establishment of the 3D PDF (equation (A.2)). The mean position of the PDF was estimated individually for each simulated treatment from pre-treatment images acquired over 20 s (figure 1(c)).
For the simulations, all 548 prostate trajectories were divided into segments with durations of either 1, 2 or 3 min. The total number of 1, 2 and 3 min trajectory segments for simulation was 4728, 2227 and 1390, respectively. The mean motion ranges were 0.7 mm (LR), 1.6 mm (CC) and 1.9 mm (AP) for the 1 min segments; 0.8 mm (LR), 2.1 mm (CC) and 2.4 mm (AP) for the 2 min segments; and 0.9 mm (LR), 2.5 mm (CC) and 2.9 mm (AP) for the 3 min segments.
The maximum motion range was 3.7 mm (LR), 19.7 mm (CC) and 19.1 mm (AP) both for the 1-min, 2-min, and 3-min segments. For each simulation, the difference between the estimated 3D prostate position and the actual position was calculated for all intra-treatment images. The root mean square (RMS) and maximum value of this estimation error were then calculated for each treatment.
For comparison, the position estimation error was also calculated for three scenarios that do not represent 3D real-time trajectory estimation. These reference scenarios were as follows.
(1) Probability-based 3D trajectory estimation with a PDF that is based on all intra-treatment images (figure 1(d)). This estimation is retrospective rather than real time. It can be used to estimate the target trajectory from a CBCT scan (Poulsen et al 2008b) . (2) No estimation of the unresolved motion. For each image, the prostate position in the unresolved direction perpendicular to the imager was assumed to equal the position in this direction at treatment start. This scenario illustrates the magnitude of the unresolved intrafraction prostate motion and thus the gain that can be obtained by estimation of this motion. (3) No estimation of the intrafraction motion. This scenario corresponds to perfect localization at treatment onset without further intra-treatment localization. It illustrates the magnitude of the intrafraction prostate motion. Table 1 summarizes the parameters of the simulations made in this study including the resulting number of images. The first simulation in this table (20 s pre-treatment imaging, 5 Hz, 1 min treatment with a dynamic PDF) was chosen as a standard. In all other simulations, only one parameter was altered from this standard setting.
Relationship between the objective function and estimation accuracy
The relationship between the objective function contribution f MLE and the estimation error of an image was investigated for the standard real-time trajectory estimation (first row in table 1) as follows: for each intrafraction image, the objective function contribution f MLE and the magnitude of the 3D position estimation error were recorded during the simulations. All images were then sorted according to their value of f MLE and grouped into 200 bins that each contained 0.5% of the images (7092 images). The 7092 images with the lowest f MLE values were grouped in the first bin. The 7092 images with the next-lowest f MLE values were grouped in the second bin and so on. Bin number 200 included the 7092 images with the highest f MLE values. For each bin, the mean f MLE value was calculated and used to represent the bin. Next, the distribution of position estimation errors was investigated for the first bin. For this group of images, the RMS error was calculated and the 95th percentile error, the 99th percentile error and the maximum error were recorded. Here, the 95th and 99th percentile errors were defined as the estimation errors that were not exceeded for 95% and 99% of the images in the bin, respectively. This procedure was repeated for all 200 bins and it resulted in the RMS error, the 95th and 99th percentile errors, and the maximum error as a function of the bin number and thus as a function of f MLE .
Results
Impact of real-time 3D trajectory estimation
Figure 2 compares real-time 3D estimation with the three reference scenarios that do not represent 3D real-time trajectory estimation. Figure 2 (a) shows a prostate trajectory and estimation hereof in either real time (with the standard parameters defined in the first row of table 1) or retrospectively (figure 1(d) scenario), with no estimation of the unresolved motion and no intrafraction motion estimation at all. All three scenarios with intrafraction motion estimation resulted in good estimations of the CC motion, which is resolved in all images. The assumption of no motion in the unresolved direction resulted in considerable errors in the LR and AP directions due to the large AP prostate motion that started 10 s into the treatment. Although the real-time estimation was able to account for most of the AP motion, it was slightly inferior to the retrospective estimation.
As seen by the distributions of 3D RMS estimation errors in figure 2(b) and the summarizing quantities in table 2, these characteristics were quite general. Although the real-time estimation was not quite as good as the retrospective estimation, it lead to a dramatic reduction in RMS errors above 1 mm as compared to no estimation of the unresolved motion. Figure 3(a) gives an example of real-time trajectory estimation with the dynamic PDF and with static PDFs determined either from 20 s pre-treatment imaging or as the population average (figures 1(a)-(c) ). In this example, the pre-treatment imaging period did not involve large prostate motion. As a result, the PDF estimated from pre-treatment images failed completely in estimating the prostate motion during treatment. The population-based PDF was considerably better and only slightly inferior to the dynamically updated PDF.
Impact of the dynamically updated PDF
Figure 3(b) shows the distributions of 3D RMS estimation errors for the three different PDFs and table 3 summarizes the mean and maximum values and the percentages of trajectories with 3D RMS errors larger than 1 mm. The dynamically updated PDF was clearly better than both static PDFs. While the static pre-treatment PDF was slightly better than the population PDF for the majority of trajectories, it also had a larger portion of poor estimations with 3D RMS errors larger than 1 mm.
Impact of pre-treatment imaging duration
The purpose of the pre-treatment imaging was to establish an initial PDF for prostate position estimation right from the treatment onset. 10 s acquisition only covered a 60
• gantry rotation that did not include any vertical images ( figure 1(a) ). Acquisition of the first vertical image 15 s into the treatment improved the accuracy to the same level as for 20 s and 30 s pre-treatment imaging.
Figure 4(b) shows the distributions of 3D RMS errors in the trajectory estimations with pre-treatment imaging of 10 s, 20 s and 30 s, and table 4 presents the corresponding mean and maximum RMS errors and the percentages of trajectories with 3D RMS errors larger than 1 mm.
Impact of the image frequency
Figure 5(a) shows a trajectory with frequent prostate displacements and estimations of the trajectory for a 1 min treatment with imaging at 0.5, 1 and 5 Hz. The pre-treatment duration was 20 s and the PDF was dynamically updated. While the lower frequency imaging naturally failed to resolve fine structures beyond the temporal image resolution, the overall features were the same for all three estimations. This is also reflected by the relatively modest deterioration of the RMS error distribution with reduced imaging frequency (figure 5(b) and table 5).
Impact of the treatment duration
Figure 6(a) gives an example of trajectory estimation with the dynamic PDF for treatments of 1, 2 and 3 min, and figure 6(b) shows the corresponding distributions of 3D RMS errors. The anterior prostate motion occurring after 140 s was estimated slightly worse for the 2 min treatment and markedly worse for the 3 min treatment compared to the 1 min treatment. As seen in figure 6(b) and in the summarizing quantities in table 6, prolonged treatment time generally resulted in less accurate trajectory estimations. Figure 7 shows a trajectory with a large estimation error in the AP direction approximately 15 s into the treatment. As seen in the lower part of the figure, the occurrence of this error coincided with an increase in the objective function term f MLE . This was a frequent observation. This is further illustrated in figure 8 , in which each point shows either the RMS error, the 95th percentile error, the 99th percentile error or the maximum error for an f MLE bin as a function of the mean f MLE value for that bin. All four quantifications of the estimation accuracy increased with increasing f MLE . This increase was almost monotonous for the RMS error, the 95th percentile error and the 99th percentile error ( figure 8(a) ), while less regular variations occurred for the maximum error ( figure 8(b) ). The relationship in figure 8 and the fact that f MLE is calculated for each image during the real-time trajectory estimation provide a tool for real-time assessment of the estimation accuracy. As an example, the 99th percentile estimation error was always below 2 mm when f MLE was smaller than 3.5 ( figure 8(a) ). This was the case for 96% of the images.
MLE objective function and estimation accuracy
Discussion
This study extends our previous investigation of trajectory estimation from retrospective analysis of CBCT projections to real-time prostate position estimation with a single imager during arc treatment. It opens the way for real-time target tracking with a single imager.
Despite a clear loss in accuracy when only previously acquired images are available for PDF estimation ( figure 2(b) ), the method still provides good real-time trajectory estimations with RMS errors smaller than 1 mm in 99.2% of the 1 min treatments and more than 98.5% of the 2 or 3 min treatments. If the 2 and 3 min arc treatments were delivered in two or three arcs rather than one arc, the accuracy would be similar to the 1 min single arc treatments.
The accuracy depended only modestly on the imaging frequency, which could be reduced to 1 Hz with only negligible loss in position estimation accuracy. It would result in a total of 80 images for a 1 min treatment with 20 s pre-treatment imaging. This is a relatively small number of images considering that a CBCT scan often is based on more than 600 projection images. It should be noted that the reported errors for low frequency imaging only include the prostate position estimation error at imaging. Prostate motion between images, which will add increasingly to the overall localization error as the sampling frequency is reduced (Poulsen et al 2008a) , is not included in this study.
Although the two static real-time PDFs were less accurate than the dynamically updated PDF, they still offer a marked improvement compared to no estimation of the unresolved motion (compare tables 2 and 3). Certain generic motion patterns for prostate such as small LR motion and strong correlation between CC and AP motion make the use of a populationbased PDF possible (Poulsen et al 2008a) . The population-based PDF was slightly inferior to the individualized PDF determined from pre-treatment images for the majority of the simulations, but it was more robust with smaller maximum errors and fewer outliers with 3D RMS errors above 1 mm.
The simulations in the present study were based purely on a single rotating imager, which could be a kV imager mounted perpendicular to the treatment beam. In this arrangement, continuous MV portal images could be acquired throughout the arc treatment without additional patient dose. Even the most modulated arc treatment would allow visibility of implanted prostate markers in a portion of these portal images since no part of the prostate would be blocked by MLC leaves during the entire treatment. The projected marker position in these portal images could easily be included in the prostate trajectory estimation, which should improve the accuracy. The portal images could either enter the MLE objective function in the same way as the kV images for improved PDF estimation or, if synchronized with orthogonal kV images, be used for exact 3D target position determination by triangulation.
As shown in figure 8 , high values of the objective function term f MLE correlated with larger estimation errors. A high value of f MLE for an image means that the observed prostate projection in the image has a very low probability according to the estimated 3D PDF. This could either be true (i.e. the prostate has really moved to a position with very low probability) or it could be indicating that the estimated PDF does not give a good description of the prostate position distribution. The latter is a likely explanation for the observed correspondence between large values of f MLE and large estimation errors. This correspondence provides a tool for real-time assessment of the estimation accuracy for each individual position estimation along a trajectory. This could be used to perform interventions in the treatment (e.g. pause of the beam) if f MLE exceeds a preset threshold value for a preset time duration during the treatment. Reestablishment of the PDF might be needed prior to resumption of the treatment.
In the present study, uncertainties in the projected prostate (surrogate) position determination were not modeled in the simulations. In a real imaging system, imager flex, finite imager resolution and marker extraction errors will result in uncertainties in the projected prostate position. However, a previous retrospective study on CBCT acquisition (Poulsen et al 2008b) showed good agreement between phantom trajectories determined experimentally from CBCT projections and determined in simulations (without inclusion of measurement uncertainties). Therefore, the trajectory estimation accuracy anticipated by the present simulation study is not likely to be noticeably degraded for a real system.
Although some elements are still lacking, implementation of the proposed method for trajectory estimation and integration with real-time tracking seem feasible. Recent phantom studies have investigated the robustness of marker segmentation from kV images acquired simultaneously with MV portal images , and segmentation of implanted prostate markers in clinical intra-treatment kV images has been used for (off-line) intrafraction prostate localization (Adamson and Wu 2008) . Furthermore, image-based dynamic MLC tracking has recently been integrated with real-time target position determination based on triangulation using kV/MV image pairs (Cho et al 2009) .
Conclusions
This study investigated a method for image-based real-time prostate trajectory estimation with a single imager that would allow straightforward integration with tracking during an arc treatment. A high accuracy was obtained with pre-treatment imaging for 20 s (120
• gantry rotation) and an imaging frequency of 1-5 Hz. The method relies on implanted prostate markers, is based on standard equipment for modern linear accelerators and allows arbitrary modulation of the treatment beam. Ongoing work at our institution focuses on the integration of the proposed method with dynamic MLC tracking. Figure 9 . Imager system and Gaussian target PDF in the patient coordinate system. Positive x and z correspond to left and anterior directions for a head-first supine patient. The origin of the coordinate system coincides with the isocenter and the y-axis points into the page (cranial direction). α is the rotation angle of the imager. The spatial points r 0 , f and p are the mean position of the PDF, the focus point of the imager system and the target projection point on the imager, respectively.ê is a unit vector along the ray line from p to f and μ is the expectation value of the 1D Gaussian along this ray line.
target positions can be expressed as follows in terms of the inverse covariance matrix B = A −1 (Papiez and Langer 2006) :
is the 3D target position and r T = (x y z) is its transpose.
The 3D Gaussian in equation (A.2) is defined by nine parameters, namely the three components of r 0 and the six different elements of B. These are the parameters that are estimated in the MLE optimization.
As in Poulsen et al (2008a) , the derivation follows three steps: (1) determination of a parametric equation for the ray line in figure 9 , (2) substitution of this parametric equation into the 3D Gaussian PDF and (3) rearrangement of the resulting equation to obtain the functional form of a 1D Gaussian (i.e. equation (A.3)) and identifying the expressions for the scaling factor K, the standard deviation σ and the mean position μ:
In patient coordinates, the projection point p on the imager (figure 9) is given as follows:
Here, SAD and SDD denote the source-axis distance and the source-detector distance, respectively, and (x p , y p ) is the projected target position in imager coordinates. The focus point of the imager system is given by The unit vectorê in figure 9 along the ray line from p to f is then given bŷ (A.6) and the ray line can be parameterized as follows: Note that K is just the value of g(x, y, z) (equation (A.2)) at the expectation value μ along the ray line in figure 9 (expression (A.7) with t = μ). For a different imager geometry, e.g. for room-mounted imagers, the expressions for p and f would differ from equations (A.4) and (A.5), but equations (A.6)-(A.10) would still be valid.
The probability P(x p , y p ) for the target to be projected into a small area dx p dy p around the point (x p , y p ) is given by the line integral of the PDF along the ray line as follows:
Maximum likelihood estimation of g (x, y, z) In the first step of the target trajectory estimation from a series of projections (x pi , y pi ), the 3D Gaussian PDF is estimated by MLE. Here, the nine unknown parameters of the PDF are selected such that the total probability, i.e. the product i P(x pi , y pi ) of all considered projections (x pi , y pi ), is maximized. Since this is equivalent to minimizing −log[ i P(x pi , y pi )], the objective function to be minimized in the MLE optimization is given by (A.12) where the sum includes all images i considered in the MLE optimization. In equation (A.12), we have assumed that both d x p and d y p are of unit length and we have defined K * i as K i multiplied by the unit length squared. In the last expression, we have introduced the notation f MLE,i = − log K * i √ 2πσ i for the contribution of image i to the objective function.
The MLE optimization is made under the condition that matrix B is positive definite, which ensures that it is invertible. The inverse of the optimized B, i.e. the optimized covariance matrix, directly gives the MLE-estimated values for the variances and covariances via equation (A.1) or, equivalently, the standard deviation of the target position and the correlation coefficient for target motion along each direction pair.
Estimation of the 3D target position
When the PDF has been estimated by MLE, it can be used to estimate the 3D target position for an image. Here, the parameter t in equation (A.3) is estimated as its expectation value μ, which is given in equation (A.9). Insertion of t = μ in equation (A.7) directly gives the estimated 3D target position in the patient coordinate system.
